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PAPER
Web-Browsing QoE Estimation Model

Toshiko TOMINAGA†a), Kanako SATO†, Noriko YOSHIMURA†, Masataka MASUDA††, Hitoshi AOKI†,
and Takanori HAYASHI†, Members

SUMMARY Web browsing services are expanding as smartphones are
becoming increasingly popular worldwide. To provide customers with
appropriate quality of web-browsing services, quality design and in-service
qualitymanagement on the basis of quality of experience (QoE) is important.
We propose a web-browsing QoE estimation model. The most important
QoE factor for web-browsing is the waiting time for a web page to load.
Next, the variation in the communication quality based on a mobile network
should be considered. We developed a subjective quality assessment test
to clarify QoE characteristics in terms of waiting time using 20 different
types of web pages and constructed a web-page QoE estimation model.
We then conducted a subjective quality assessment test of web-browsing
to clarify the relationship between web-page QoE and web-browsing QoE
for three web sites. We obtained the following two QoE characteristics.
First, the main factor influencing web-browsing QoE is the average web-
page QoE. Second, when web-page QoE variation occurs, a decrease in
web-page QoE with a huge amplitude causes the web-browsing QoE to
decrease. We used these characteristics in constructing our web-browsing
QoE estimation model. The verification test results using non-training data
indicate the accuracy of the model. We also show that our findings are
applicable to web-browsing quality design and solving management issues
on the basis of QoE.
key words: QoE, waiting time, web page, web browsing, subjective quality
assessment test, estimation model

1. Introduction

Web browsing services are expanding as smartphones are
becoming increasingly popular worldwide [1]. It has been
reported that web-page load time has an impact on user
behavior. Nielsen reported three important limits to web
response time [2]. 0.1 seconds is about the limit at which
a user feels that a system is reacting instantaneously. One
second is about the limit at which a user’s flow of thought
will remain uninterrupted, even though the user will notice
the delay. Ten seconds is about the limit for keeping a user’s
attention focused on dialogue. Amazon calculated that a
page-load slowdown of just one second could cost it $1.6
billion in sales each year [3]. Google reported that half a
second delay caused a 20% drop in traffic [4].

To provide customers with appropriate quality of web-
browsing services, quality design and in-service qualityman-
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agement on the basis of quality of experience (QoE) [5] is
important. We usually browse multiple web pages, not just a
single web page. For smartphone users, web-browsing QoE
is affected by mobile-network quality variation. Therefore,
a web-browsing QoE estimation model must take into ac-
count both multiple web-page browsing and network quality
variation.

The International Telecommunications Union (ITU-T)
has published several recommendations for web-browsing
QoE. The QoE factors affecting web-browsing are described
in ITU-T Rec. G.1031 [6]. Web-browsing QoE is dependent
on various factors that are related to users, context, and sys-
tems. The most important QoE factor of web-browsing is
the waiting time for a web page to load. A subjective testing
methodology for web-browsing is described in ITU-T Rec.
P.1501 [7]. The recommendation provides guidance on the
selection of a test environment, equipment, and content and
test procedures concerning participants, tasks, and quality
measures. Obtaining web-browsing QoE characteristics and
constructing QoE estimation models based on these recom-
mendations is necessary for QoE design and QoE manage-
ment.

Much research on QoE characteristics based on waiting
time has been conducted. Delleart et al. evaluated the QoE
difference among not waiting and waiting with or without in-
formation when using Internet magazines [8]. The key result
is that users become annoyed by waiting, but this negative
feeling does not carry over to the evaluation of web content.
However, web pages with an unknown waiting time have
a negative carry-over effect on web-browsing. Galletta et
al. evaluated performance measures from three viewpoints:
web-site satisfaction, behavioral intentions, and number of
complete tasks [9]. Participants evaluated the above three
viewpoints for the web search task with a delay of between
0–12 s. The QoE decreased rapidly when the waiting time
was less than 4 seconds but saturated over 8 seconds. Niida
et al. developed a web assessment system in the field and
conducted a QoE evaluation of waiting times for the top of
a website, file download, e-mail, and so on [10]. These re-
ports showed the importance of waiting time for web-page
QoE, and that QoE characteristics depend on the type of web
service.

If we carry out in-service quality management based
on QoE, a real-time waiting-time measurement method
and QoE estimation models are necessary. Quality-of-
experience estimation models for single web pages or for an
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application have been proposed [9]–[14]. However, the wait-
ing time conditions for these models have different ranges,
so QoE comparison based on a unified waiting-time range
cannot be conducted.

There are many types of web pages. We need to know
each web-page QoE characteristic, but it is impossible to
obtain them all. Therefore, classification of web-page QoE
characteristics and obtaining the QoE characteristics of sev-
eral types of web services classified on the basis of the same
waiting-time range are necessary.

Web-browsing QoE estimation models using the search
task with two web pages are discussed in ITU-T G.1030 Ap-
pendix II [15]. Hoßfeld et al. proposed a web-browsing QoE
estimation model based on web-page QoE that uses a hid-
denmemoryMarkovmodel (HMMM). Thismodel estimates
the QoE of each page intended for web-browsing of over 40
pages [16]. Web pages consist of randomly chosen image
downloads. Therefore, it is not clear whether this model is
also applicable to general web-site browsing.

In this paper, we propose a web-browsing QoE esti-
mation model. We investigated several types of web-page
browsing, such as general use, and set the web-browsing
time to 1–2 minutes considering the typical use for a cer-
tain purpose. The web-browsing time is the time recom-
mended by ITU-T Rec. P.1501 [7]. The waiting time for
each web-page is the input data of this model. First, we ob-
tained the web-page QoE of the waiting time for 20 types of
web pages to clarify web-page QoE characteristics through a
subjective quality assessment test. We found two categories
of web-page QoE characteristics and constructed web-page
QoE estimation models. We then clarified the relationship
betweenweb-pageQoEandweb-browsingQoE for threeweb
sites through a subjective quality assessment test. From the
results, we constructed our web-browsing QoE estimation
model. We verified the proposed model with non-training
data, and it showed good accuracy. Finally, we applied our
findings to quality design and management issues for web-
browsing systems and services.

The remainder of this paper is structured as follows.
In Sect. 2, we clarify the web-page QoE characteristics for
waiting time through a subjective quality assessment test.
Then, we introduce a web-page QoE estimation model we
constructed that is based on these characteristics. In Sect. 3,
we clarify the relationship between web-page QoE and web-
browsing QoE. In Sect. 4, we verify the proposed web-
browsing QoE estimation model by using non-training data.
The QoE design and management issues using our model
are discussed in Sect. 5. Finally, we conclude this paper in
Sect. 6.

2. Web-Page QoE Characteristics and QoE Estimation
Model

In this section, we first clarify the web-page QoE character-
istics for waiting time. We conducted a subjective quality
assessment test for 20 types of web pages. Next, we cate-
gorized thee of web pages’ QoE characteristics using cluster

Fig. 1 Web-page QoE test environment.

Table 1 Test environment conditions for web-page QoE.
Smartphone SH-01F

OS: Android 4.2.2
Memory: 2 GB of SRAM, 32 GB of ROM
CPU: MSM8974 with 2.2-GHz quad-core
Display size: 5.0 inches
Display resolution: 1080 × 1920
Display color: about 16.78 million

Web browser Browser (pre-installed)
Version: 4.4.2-01.00.02

Web server BTO
OS: Windows 7 Ultimate 32-bit
Memory: 12 GB
CPU: Core i7-960 with 3.2-GHz quad-core
Apache HTTP Server: Version 2.4.9

Wi-Fi Router WHR-300HP

Table 2 Quality assessment conditions for web-page QoE.
No. of web pages 20
Waiting time (s) 1.2, 3, 4, 6, 8.5, 12, 20
Assessment method DCR
Participants 24 (12 males and 12 females)
Avg. age 34.9
Room illuminance about 300 lx
Display distance Free (not fixed)

analysis. Finally, we constructed a web-page QoE estimation
model.

2.1 Subjective Quality Assessment Test for Web Pages

We conducted a subjective quality assessment test to clarify
web-page QoE characteristics for waiting time. The test
environment is shown in Fig. 1, and device conditions are
listed in Table 1. Participants used a smartphone to access a
web server via a Wi-Fi router.

The assessment conditions are listed in Table 2. There is
a huge number of web pages in the world; thus, it is difficult
to evaluate them all. Therefore, we investigated Internet
usage [17], [18] and selected the 20 types of web pages that
are used often, as listed in Table 3. Specifically, we referred
to websites written in Japanese and created web pages for
the subjective quality assessment test.

We constructed web pages from php files and inserted
a “latency” parameter into the files. Regarding the web-
page waiting-time range, Butkiewicz et al. [19] and Nakano
et al. [20] reported that the waiting time of almost all web
pages is less than 20 seconds; therefore, we set 20 seconds
as the maximum waiting time for web pages. When we set
“latency=0” in the php file, the waiting time to display was
1.2 seconds. For that purpose, we set the latency parameter
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Table 3 Content of web page.
1 Service login 11 Photo posting
2 Bank login 12 Video posting
3 Shopping login 13 Credit card authentication
4 News 14 Transfer authentication
5 Weather forecast 15 Member registration
6 Transit information 16 Photo download
7 Route search 17 Music download
8 Product search 18 Video download
9 News search 19 Mail sending
10 Comment posting 20 Service logout

Table 4 Five-grade impairment scale.
Score Rating scale
5 Waiting time is imperceptible
4 Waiting time is perceptible but not annoying
3 Waiting time is slightly annoying
2 Waiting time is annoying
1 Waiting time is very annoying

to values of 0, 1.8, 2.8, 4.8, 5.3, 10.8, and 18.8 seconds so
that the quality assessment conditions for waiting time were
1.2, 3, 4, 6, 8.5, 12, and 20 seconds.

A degradation quality rating (DCR) method [21] was
used for evaluating the waiting time quality of a web page. A
five-grade impairment scale is listed in Table 4. The rating
scale of DCR is adequate for rating perception of waiting
time. Each participant evaluated the waiting time for test
web pages compared with that of daily use.

Twenty-four participants aged 21–49 (12 males and 12
females) participated in the test, and the average age was
34.9. They were familiar with using smartphones but were
non-experts who were completely unfamiliar with the tech-
nical behavior of the equipment under test. Four participants
simultaneously evaluated the QoE for the 20 types of web
pages, including the waiting time. Both quality assessment
conditions, the webpage content and the waiting time, were
presented to participants randomly. However, the same ran-
dom order was presented to all participants in groups of four
persons. Subjective quality assessment test was conducted
in a room where the brightness was about 300 lx [22], and
the distance to the display of the smart phone was taken to
be the distance at which a smart phone is normally used and
was not fixed.

2.2 Web-Page QoE Characteristics and QoE Classification

The mean opinion score obtained from the DCR method
(DMOS) was calculated as a web-page QoE. Figure 2 shows
the five major QoE characteristics of all 20 types of web
pages. The QoE of music download has a higher QoE than
that of weather forecast.

The ward method [23], which is a cluster analysis
method, was applied for categorizing web pages based on
the QoE characteristics for waiting time. Figure 3 shows
the 20 types of web-page QoE dendrograms obtained with
this analysis method [24]. The horizontal axis indicates
the squared Euclidean distance of each cluster. The small

Fig. 2 Relationship between waiting time and web-page QoE (i.e.,
DMOS).

Fig. 3 Cluster analysis result.

squared distance showed high similarity between the two
QoE characteristics, so they connected. The number of cate-
gories can be determined by the squared Euclidean distance.
Wedetermined the number of categories by using the squared
Euclidean distance to group characteristics and checking for
significant differences between the groups. As a result, we
found two categories. We call one category model “large-
data,” which includes three web-page QoE characteristics:
video posting, music downloading, and video downloading.
The other category model is called “not-large-data,” which
includes 17 types of web pages other than the 3 mentioned
above. The web-page QoE characteristics of the large-data
category model showed tolerance to waiting time. The not-
large-data category model characteristics showed a low QoE
tendency.

2.3 Web-Page QoE Estimation Models

We constructed two web-page QoE (i.e, DMOS) estimation
models for the two categories as a function of waiting time
(t). The large-data category model is shown in Eq. (1),
and the not-large-data category model is shown in Eq. (2).
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Fig. 4 Web-page QoE characteristics of two categories.

Table 5 Estimation accuracy for web-page QoE models.
Web-page QoE model PCC RMSE
Category models:
a) Large-data 0.99 0.15
b) Not-large-data 0.99 0.14
Average category model 0.99 0.12

These regression lines are also described in Fig. 4. If we have
information on a web page’s category, we can use the two
category models with good accuracy. If we cannot obtain
the category information, we can use the average model of
the two categories, i.e., the web-page QoE average category
model. The web-page QoE average category model is shown
in Fig. 4 and written as Eq. (3).

DMOS = 3.967exp(−t/11.628) + 1.000, (1)
DMOS = 4.618exp(−t/7.463) + 1.000, (2)
DMOS = 4.179exp(−t/9.524) + 1.000, (3)

where t is waiting time and a DMOS over 5 is clipped by 5.
Table 5 shows the web-page QoE estimation models’

accuracies. It shows the Pearson product-moment correla-
tion coefficient (PCC) between the measured DMOS and
estimated DMOS and the root mean square error (RMSE)
with each web-page QoE estimation model. The PCC was
0.99 and showed a higher correlation. We compared the
RMSE with the mean of the 95% confidence interval (MCI)
for subjective DMOS. The subjective DMOS score varied
among the participants, even though the test condition was
the same. We determined that the model had a high accu-
racy when the RMSE was less than the MCI. The MCI of
this subjective quality assessment test was 0.16. There was a
significant difference in the DMOS characteristics between
the large- and not-large-data category models. However,
the average category model’s RMSE was also less than the
MCI and exhibited high estimation accuracy. Therefore, we
conclude that the category average model is suitable as a
web-page QoE estimation model.

3. Web-Browsing QoE Characteristics and Proposed
Web-Browsing QoE Estimation Model

We constructed our proposed web-browsing model by using
web-page QoEs. First, we conducted a subjective quality
assessment test and obtained the relationship between web-
browsing QoE and web-page QoE. Next, we constructed our
web-browsing QoE estimation model using the measured
web-page QoEs. Finally, we re-learned the coefficients for
web-browsing QoE estimation by using the web-page QoE
average category model for each web page’s waiting time.

3.1 Subjective Quality Assessment Test forWeb-Browsing

We conducted a subjective quality assessment test to clarify
the QoE characteristics for web-browsing waiting time. The
test environment and device conditions are the same as in
Fig. 1 and Table 1.

The ITU-T Rec. P.1501 recommended that typical web
pages should be chosen when selecting content. Content
examples are chosen to reflect typical web pages frequently
browsed by typical Internet users. Three web sites, a social
networking service (SNS) site, shopping site, and portal site,
were selected as typical web pages [17], [18]. We made the
web-pages and web scenarios listed in Table 6. The type
of web page, which includes both large- and not-large-data
category, was obtained from cluster analysis. We set seven
waiting time conditions: 1.2, 3, 4, 6, 8.5, 12, and 20 seconds.

Web browsing time conditions must include multiple
request-response patterns, that is, multiple web pages [25].
Therefore, P.1501 has recommended that the web-browsing
time be set between 1–2 minutes [7]. The maximum waiting
time for a web page was 20 seconds in this experiment, so the
number of web pages in web-browsing was set to be equal
to or less than six pages. We ignored the page holding time
during web-browsing.

The subjective quality assessment test consisted of two
sessions. In session I, participants evaluated the web-page
QoE of web-page waiting time for the three web sites by
using a 5-grade DCR method, the same as in Sect. 2. For
the SNS site, participants evaluated 42 conditions, i.e., the 7
waiting time conditions for each of the 6 pages. Similarly, 42
conditions for the shopping and 35 conditions for the portal
site were evaluated.

In session II, a web-browsing QoE evaluation test was
conducted, and the participants evaluated task-dependent
web-browsing for the three web sites. A five-point absolute
category rating (ACR) method was used for web-browsing
evaluation because, for the quantifying web-browsing QoE,
we considered service satisfaction through web-browsing.
The quality scales of ACR are shown in Table 7.

A total of 56 conditions for each site were used. That
is, the 7 conditions were the same waiting time conditions
for all web pages, and 49 conditions were assigned different
waiting time conditions for each web page by orthogonal
array. The test conditions are listed in Table 8.
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Table 6 Web scenarios for training data.
SNS site
Page Content
1 Top page
2 Video list
3 Video posting
4 Comment posting
5 Photo list
6 Photo posting

Shopping site
Page Content
1 Top page
2 Product search
3 Product information
4 Add cart
5 Buy
6 Music download

Portal site
Page Content
1 Top page
2 Product support
3 Model name search
4 Product manual list
5 Product manual download

Table 7 Five-grade quality scale.
Score Rating scale
5 Excellent
4 Good
3 Fair
2 Poor
1 Bad

Table 8 Test conditions for training data.
Session I: Web-page QoE
Content SNS Shopping Portal
Assessment method DCR
Waiting time (s) 1.2, 3, 4, 6, 8.5, 12, 20
No. of web pages 6 6 5
No. of conditions 42 42 35

Session II: Web-browsing QoE
Content SNS Shopping Portal
Assessment method ACR
Total waiting time (s) 7.2–120 7.2–120 6.0–100
No. of conditions 56 56 56

Common conditions
Room illuminance about 300 lx
Display distance about 30–40 cm (Smartphone stand)
Participants 24 (12 males and 12 females)
Avg. age 23.8

Twenty-four participants aged 20–38 (12 males and 12
females) participated in the test and the average agewas 23.8.
They were familiar with using smartphones to access SNS,
shopping, and portal sites and were completely unfamiliar
with the technical behavior of the equipment under test.

3.2 Web-Browsing QoE Characteristics and QoE Influenc-
ing Factors

The relationship between web-browsing QoE and web-page
QoE is shown in Fig. 5. The Y-axis shows the MOS of web-
browsing QoE for each 56 conditions of three web sites.
The X-axis shows the average web-page QoEs (DMOSavg)
corresponding to the 56 conditions. DMOSavg is given as

DMOSavg =
1
n

n∑
i=1

DMOSi, (4)

where DMOSi means the DMOS for the waiting time for
the ith page and n represents the number of web pages.

TheMOS regression line and equation using DMOSavg
are also shown in Fig. 5. The PCC between the measured
MOS and DMOSavg was 0.89. As a result, we found that
DMOSavg was the dominant influencing factor for estimat-
ing MOS. However, the RMSE of 0.32 was larger than the
MCI of 0.29, so the estimation error with DMOSavg was not
small enough.

We conducted an error analysis to clarify the other qual-
ity influencing factor. The DMOSavg was a dominant factor
for estimating web-browsing QoE, but we did not consider
web-page QoE variations in web-browsing QoE. Therefore,
we created another quality index, DMOSvar , as a measure
of web-page QoE variation. The definition of DMOSvar is
given as

DMOSvar =
1

n − 1

n−1∑
i=1
|DMOSi+1 − DMOSi |. (5)

We also used a different quality index DMOSwrs ,
which means that decreasing web-page QoE decreases web-
browsing QoE. An example was estimated in a similar man-
ner for long-video QoE from the time-series data of multiple
short video QoEs for a video streaming service [26]. The
paper explained that the decreasing short-video QoE with a
huge amplitude seriously impairs long-video QoE. In other
words, for web browsing, too, the change from a state of poor
quality to a state of good quality has little effect on overall
service quality, and the quality index DMOSwrs was defined
as Eq. (6), considering the effect of a change from a state of
good quality to a state of poor quality.

DMOSwrs =
1

n − 1

n−1∑
i=1
|DMOSi+1 − DMOSi | · S, (6)

{
S = 0, i f (DMOSi+1 − DMOSi) ≥ 0
S = 1, i f (DMOSi+1 − DMOSi) < 0.

Figure 6 shows the relationship between the estimation
error and DMOSwrs . The X-axis shows the estimation error
with MOS estimation using DMOSavg. The Y-axis shows
the DMOSwrs . When DMOSwrs is large, the measured
MOS is lower than the estimated MOS. The PCC between
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Fig. 5 Relationship between web-browsing QoE (MOS) and average
web-page QoE (DMOSavg ).

Fig. 6 Relationship between estimation error and DMOSwr s .

the DMOSwrs and estimation errorwas 0.69. This is because
a decreasing web-page QoE with a huge amplitude seriously
impairs web-browsing QoE. In addition, the PCC was 0.66
when using DMOSvar .

As a result, we obtained the following two QoE char-
acteristics. The main factor influencing web-browsing QoE
is the average web-page QoE. The second is the web-page
QoE variation index. We constructed and evaluated four
web-browsing QoE estimation models by using these char-
acteristics. The four models are listed in Table 9. A MOS
over 5 was clipped by 5. The models included two web-
page QoE variation indexes, DMOSvar and DMOSwrs , and
the interaction between the average web-page QoE and its
variation measure was considered.

The four models’ estimation results are listed in Ta-
ble 10. A good PCC (0.95) was achieved between the mea-
sured and estimated MOS for all models. We chose the
model that had statistically significant explanatory variables.
Hence, we concluded thatmodel III, consisting of DMOSavg
and DMOSwrs (proposed model), is suitable for estimating
web-browsing QoE. The relationship between measured and
estimated MOS is shown in Fig. 7.

3.3 Web-browsing QoE Estimation Model by Training
Data

To estimate the web-browsing QoE by using each web page’s

Table 9 Four web-browsing QoE estimation models.
Model Equation

I a0 + a1DMOSavg + a2DMOSvar
II a0 + a1DMOSavg + a2DMOSvar

+ a3DMOSavg ·DMOSvar
III a0 + a1DMOSavg + a2DMOSwr s

IV a0 + a1DMOSavg + a2DMOSwr s

+ a3DMOSavg ·DMOSwr s

Table 10 Four models’ coefficients and their estimation accuracies.
Model a0 a1 a2 a3 PCC RMSE

I 0.051 1.119 -0.400 - 0.95 0.23
II -0.007 1.142 -0.322 -0.029 0.95 0.23
III -0.010 1.118 -0.735 - 0.95 0.22
IV -0.079 1.145 -0.533 -0.077 0.95 0.22

Fig. 7 Web-browsing QoE estimation using measured DMOS.

waiting time, we integrated web-page QoE average cate-
gory model into model III. First, the DMOS is calculated
from the web page waiting time using Eq. (3). Next, Eq. (4)
and Eq. (6) are respectively used to calculate DMOSavg and
DMOSwrs . The result is then used to re-learning the coeffi-
cients of model III. As a result, our proposed web-browsing
QoE estimation model is given by the following Eq. (7).

MOS = −0.766+ 1.176DMOSavg − 0.623DMOSwrs,
(7)

where a MOS over 5 is clipped by 5. The relationship
between the measured MOS and estimated MOS for train-
ing data is shown in Fig. 8. As a result, the model using
re-learning coefficients exhibited a higher PCC and lower
RMSE than when using the measured DMOS.

4. Verification of Proposed Web-Browsing QoE Esti-
mation Model

To verify the proposedweb-browsingQoE estimationmodel,
we used data from two subjective quality assessment tests.
The test environment and device conditions were the same
as shown in Fig. 1 and Table 1. The test for news and SNS
sites, and their web scenarios were different from the training



TOMINAGA et al.: WEB-BROWSING QOE ESTIMATION MODEL
1843

Fig. 8 Web-browsing QoE estimation using waiting time.

Table 11 Web scenarios for non-training data.
News site
Page Content
1 Top page
2 Article 1
3 Article 2

SNS site
Page Content
1 Top page
2 Friend search
3 Friend registration
4 Comment posting
5 Photo list
6 Photo posting

Shopping site
Page Content
1 Top page
2 Product search
3 Product information
4 Add cart
5 Buy
6 Music download

data. The other test for the shopping site, and itsweb scenario
was the same as the training data, but the participants were
different from those of the training data.

Web scenarios are shown in Table 11. The assessment
method was ACR, which was the same method as that of the
training data. The ranges of the waiting time were also the
same as in the training data. The test conditions are listed in
Table 12.

The relationship between the MOS estimated using our
web-browsingQoE estimationmodel and themeasuredMOS
is shown in Fig. 9. A good PCC (0.95) was obtained between
the measured MOS and estimated MOS, and the RMSE
(0.24) of our model was less than the MCI (0.28) of the mea-
sured MOS. Therefore, the proposed model has a practical
level of estimation accuracy. Nevertheless, differences in the
estimation accuracy with content were observed and consid-
eration of those differences is an issue for future work. We
conclude that the proposed web-browsing QoE estimation
model has practical and sufficient accuracy.

Table 12 Test conditions for non-training data.
Contents News SNS Shopping
Assessment method ACR
Total waiting time (s) 3.6–60 7.2–120 7.2–120
No. of conditions 56 56 56
Participants 24 24 24
(Avg. age) (34.9) (34.9) (22.1)
Room illuminance about 300 lx

Fig. 9 Web-browsing QoE estimation using non-training data.

Fig. 10 Relationship between MOS and vote ratio on 5-grade quality
scale.

5. Application to QoE Design and Management

In this section, we discuss the quality design/management is-
sues forweb-browsing services based on the proposedmodel.
Figure 10 shows the measured MOS of the training data and
their vote ratio to the 5-point quality scale. A MOS of 3.5
means a vote ratio greater than or equal to “3: Fair,” which is
90%, and a vote ratio less than or equal to “2: Bad” is 10%.
Similarly, a MOS of 2.5 means a 50% vote ratio for greater
than or equal to “3: Fair.” When the MOS is designed to be
3.5 for web-browsing QoE as a quality target, 90% of users
choose a score of 3 or higher.

As another use case, real-time QoE measurement is
useful for quality management. It is important for mobile
network operators to understand the state of service quality
that is being provided and to expand network facilities and
change settings accordingly. A feature of mobile communi-
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cations is that quality varies greatly spatially and temporally,
so it is necessary to monitor for time periods in which QoE
is poor in a given region or when the QoE in one region is
poor relative to other regions. If the page waiting time for
each web page can be measured in browsing, the method
we propose can be used to visualize web browsing QoE.
For example, the navigation timing API technique [27] is
useful for measuring the waiting time for web pages. There-
fore, web-browsing QoE is an effective quality management
indicator.

6. Conclusion

We proposed a web-browsing QoE estimation model based
on aweb-browsing time of 1–2minutes. We first conducted a
subjective quality assessment test to clarify the QoE charac-
teristics as determined from web-page waiting time. Twenty
types of web pages were categorized from the QoE char-
acteristics of the large- and not-large-data category models
by using cluster analysis. However, the average model of
the two categories had an adequately small RMSE, so we
concluded that the average category model was suitable as
a web-page QoE estimation model. We then conducted a
subjective quality assessment test to clarify the relationship
betweenweb-pageQoEandweb-browsingQoE for threeweb
sites. We developed a web-browsing QoE estimation model
expressed by two parameters; the average web-page QoE
and a decrease in web-page QoE as an index of web-page
QoE variation. The proposed web-browsing QoE estimation
model was verified with non-training data, and it showed a
good accuracy. This web-browsing QoE estimation model
can be useful for QoE design and management, for which we
showed use cases.

Topics for further study include QoE measurement in
the field and studying the relationship betweenweb-browsing
QoE and user behavior [28].
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